Characterizing the spatial distribution patterns of soil microorganisms is helpful in understanding the biogeochemical processes they perform, but has been less studied relative to those of macroorganisms. In this study, we investigated and compared the spatially explicit distribution patterns of ammonia-oxidizing archaea (AOA) abundance and the influential factors between an early (ES) and a late successional (LS) subtropical forest stand. The average AOA abundance, vegetational attributes, and soil nutrient contents were mostly greater in the LS than the ES stand (P = 0.085 or smaller), but their spatial variations were more pronounced in the ES than the LS stand. The spatial distribution patches of AOA abundance were smaller and more irregular in the ES stand (patch size <50 m) than in the LS stand (patch size about 120 m). Edaphic and vegetational variables contributed more to the spatial variations of AOA abundance for the ES (9.3%) stand than for LS stand, whereas spatial variables (MEMs) were the main contributors (62%) for the LS stand. These results suggest that environmental filtering likely influence the spatial distribution of AOA abundance at early successional stage more than that at late successional stage, while spatial dispersal is dominant at late successional stage.
Soil microorganisms display distinct spatial patterns across environmental patches, at which different biotic and abiotic variables operate with differential contributions 1, 2 . For instance, the features of distribution patches (e.g., shape and size) and their determinants (e.g., vegetation composition, spatial distance, and soil physicochemical attributes) of soil microbial spatial distribution change with land use types 1, 3 . Another typical type of environmental patches is resulted from forest succession, and these environmental patches are typically characterized by systematic changes of vegetation type 4, 5 . However, characterizing the spatial distribution patterns of soil microbes across environmental patches caused by forest succession has received much less attention, even though the importance of spatial analysis approaches has been frequently emphasized in related disciplines such as microbial ecology and soil ecology 1, 6 . Elucidating the spatial distribution patterns of soil microbial communities in different forest successional stages may help us with the understanding of the recoveries of forest structure and functioning, as soil microbial organisms play a key role in regulating the nutrient biogeochemical cycles that are crucial to ecosystem structure and functioning 7 . Soil microbes can respond rapidly to shifts in environmental factors, such as soil nutrient content, pH, soil bulk density (BD) and moisture [8] [9] [10] . The availability of soil nutrients and the values of soil physical properties have been found to change significantly during forest succession. For instance, soil nitrogen and phosphorus are usually more limited in younger forests during secondary succession due to larger Scientific RepoRts | 5:16587 | DOI: 10.1038/srep16587 nutrient demand and more frequent disturbances such as timber harvesting and fire 11, 12 . Soil BD will likely decrease with succession due to the accumulation of soil organic matter (SOM) and the increase of soil water content (SWC) 10 . In addition, the spatial heterogeneity of these environmental factors may also change with forest succession due to the successional changes in vegetation structure such as community composition and canopy cover, which usually cause distinct microenvironment patches under forests 13, 14 . However, whether the spatial variation of soil microbial communities possesses similar changes with environmental factors during forest succession is largely unknown.
Spatial variables such as distance can limit the dispersal of individuals from one site to another, which therefore influence the assembly patterns of biotic communities 15 . Undoubtedly, distribution of microorganisms can be shaped by dispersal processes, as microbes have a limited habitat range and poor dispersal abilities compared to macro organisms live aboveground 16 . For instance, the similarity of soil microbial community composition decreases with geographic distance 17 . Although the importance of both environmental and spatial variables in shaping microbial communities are evidenced, quantifying the relative contributions of these two group of factors remains a major task to predict the spatial distribution patterns of soil microbes and to link the observed patterns with functional processes 18, 19 . Ammonia-oxidizing archaea (AOA) is an important microbial functional group responsible for the oxidation of ammonia (NH 3 ) to nitrite (NO 2 − ) 20 , the first and rate-limiting step in nitrification. AOA and ammonia-oxidizing bacteria (AOB) are the two most important nitrifiers in terrestrial soils, with AOA playing a dominant role over AOB in acid soils on which this study is based [21] [22] [23] . Since the main end products of nitrification are nitrate (NO 3 − ) and nitrous oxide (N 2 O), AOA play important roles in soil fertility, greenhouse gas emission, and nitrogen loss [24] [25] [26] . Previous studies have found that AOA abundance and diversity differ among different land use types 1 , vegetation types 27 , farmlands under different management schemes 26 , and environmental gradients such as elevation 28 , precipitation 29 , and salinity 29 . However, only a few studies have quantified the AOA distribution patterns in a spatially explicit fashion [24] [25] [26] , which is needed to understand the underlying ecological processes driving the variation of AOA community across spatial scales, and to derive spatially explicit land management strategies for the ecosystem services that soil microbes provide 1, 26 . In this study, we analyzed the spatial distribution patterns of the AOA abundance, soil physicochemical properties, and vegetational attributes in an early (ES) and a late successional (LS) subtropical forest stand. These forest stands are typical in southern China and eastern Asia due to long-term anthropogenic disturbances such as deforestation and firewood harvesting. A previous study has found that AOA abundance is significantly positively related to nitrification rates in these forests 22 . Here we focus on the spatial variation of AOA abundance and its determinant factors. Specifically, we aimed to address the following questions: i) Will the magnitude and spatial distribution of AOA abundance differ between the two forest successional stages? ii) How are the spatial variations in AOA abundance related to environmental and spatial factors? iii) What are the relative effects of spatial and environmental factors on the distribution patterns of AOA abundance? We hypothesized that the magnitude and spatial distribution patterns of AOA abundance, and determinant factors would differ between early and late successional forest stands, since many studies have found that soil properties such as microbial biomass and composition, and physicochemical parameters change with forest succession 9, 30 .
Results
General statistics of the AOA abundance and edaphic properties. Averaged over the 31 sampling quadrats (Fig. 1) , the AOA abundance in the LS stand was 58% higher than that in the ES stand, although the difference was only marginally significant (P = 0.085, Table 1 ). Similarly, soil chemical constitutes including soil organic matter (SOM), total nitrogen (TN), available nitrogen (AN), total potassium (TK), available potassium (AK) and total phosphorus (TP) were significantly higher in the LS than in the ES stand (p < 0.05, Table 1 ). However, the values of soil pH, available phosphorus (AP), and bulk density (BD) were greater in the ES stand than in the LS stand ( Table 1) . Coefficients of variation (cv%) for AOA abundance, BD, TN, AN, AP, and vegetational attributes including Shannon-Wiener diversity, species richness, tree height and diameter at breast height (DBH) were all higher in the ES stand than the LS stand. These results showed that the availabilities of most soil nutrients were higher in the LS stand, and most of the edaphic and vegetational properties displayed higher levels of spatial heterogeneity in the ES stand.
Spatial distribution patterns of the AOA abundance and environmental variables. The distribution of AOA abundance was strongly spatially dependent with the normalized sill >78%, (Supplementary Table S1 ). In the ES stand, the semivariance of AOA abundance showed a positive but saturated relationship with spatial distance, with a significant positive autocorrelation at a separation < 50 m (Fig. 2) . In the LS stand, the semivariance of AOA abundance displayed a monotonically increasing trend with a nonasymptotic sill, and finally peaked at a separation about 120 m (Fig. 2) . Similar to the AOA abundance, most of the edaphic variables showed strong spatial dependence in both stands with the normalized sill >71%, except for AN and TP in the LS stand (Supplementary Table S1 ). In addition to the positive autocorrelations displayed in the two stands, negative autocorrelations among samples were also observed at separations > 100 m in the ES stand for TK and AP, and at separations of 50 to150 m in the LS stand for BD, SOM, TK and AP (Fig. 2 , Supplementary Table S1, Fig. S1 ). Vegetational variables including species diversity, tree density, tree height, DBH and canopy tree composition (veg-PC2) showed no obvious spatial dependence based on the visual inspection of the semivariograms and the failure of the semivariogram model fitting (Supplementary Table S1 , Fig. S1 ); with the exception that canopy tree composition (veg-PC1) showed a positive autocorrelation among samples at a separation < 50 m in the ES stand (Supplementary Table S1 ). The values of altitude and slope were positively autocorrelated in the ES stand, and negative autocorrelation was displayed by altitude in the LS stand, with semivariance peaking at separations between 50 to 100 m (Fig. 2, Supplementary Fig. S1 ).
Maps produced by kriging interpolation further illustrated that the distribution patches of AOA abundance were smaller and more irregular in the ES stand than the LS stand (Fig. 3) . Overall, AOA was more abundant in the southeast part of the ES stand with higher contents of SOM, TN, TP and AN, and in the southwest and middle areas of the LS stand with lower BD value (Fig. 3) . The spatial variation of veg-PC1 displayed nearly the same pattern as that of AOA abundance in the ES stand, while it was patchier and more disorderly than the distribution of AOA abundance and other environmental variables in the LS stand (Fig. 3) . Relative contributions of environmental and spatial factors to the spatial variations of AOA abundance. The spatial, edaphic, topographic and vegetational factors collectively explained 70.3%
of the total variation in the distribution of AOA abundance in the LS stand, but only 32.2% in the ES stand (Fig. 4) . In the LS stand, the vast majority (62%) of the spatial variation of AOA abundance was attributed to the spatial variables; BD was the only significant environmental variable explaining 9.3% of the AOA variation jointly with spatial variables. In the ES stand, 9.3% of the spatial variation in AOA abundance was explained by the pure effect of edaphic factors, but the pure effects (i.e., non-intersection terms) for the other three groups (i.e., vegetation, spatial, topographical variables) were not detected.
Examining the single-factor contribution jointly with other variables revealed that the distribution of AOA abundance in the ES stand was mostly influenced by TN (22.7%) and veg-PC1 (19.3%) and less influenced by altitude (11.5%), TP (10.5%) and spatial variables (10.5%).
Discussion
The abundance of AOA in the 400-year-old LS stand was 58% higher than in the 60-year-old ES stand. In accordance with the higher AOA abundance, soil organic matter and nutrient contents were also higher in the LS stand (Table 1) . These results are in agreement with those of previous studies showing an accumulation of soil carbon, nutrients and the biomass of other microbial communities (e.g., fungi and bacteria) with forest succession/restoration 9, 30 . Previous researches have also showed shifts in the heterogeneity of environmental factors with forest succession 13, 14 , although few of them linked the environmental heterogeneity to the successional shifts in soil microbial communities. Here, we found higher values of cv% in AOA abundance in the ES stand (168%) than in the LS stand (108%), suggesting greater spatial variation in AOA abundance in the ES stand. This is also in accordance with most of the edaphic properties (i.e., BD, TN, AN and AP) and vegetational characteristics (i.e., Shannon-Wiener diversity, species richness, tree height and DBH) that had greater cv% in the ES stand, indicating the greater variation of AOA abundance in the ES stand might be related to the higher levels of environmental heterogeneity.
The distribution patches of AOA abundance were smaller in the ES stand, with sample values of AOA abundance being autocorrelated between nearby sampling plots (< 50 m). Contrastingly, the AOA abundance distributed along a relatively continuous gradient in the LS stand, with an additional negative autocorrelation peaked at a separation of 120 m. This result supports our hypothesis that the AOA abundance has different spatial distribution patterns between the ES and the LS stands. The successional changes in the composition and structure of important microbial communities during forest restoration/succession have been investigated and proved to be predictable 8, 9 . However, to our knowledge, this study is the first to examine the spatial distribution patterns of soil AOA community at different forest successional stages. We found that the AOA abundance exhibited nonrandom distribution patterns in both stands. In general, the spatial distribution of AOA abundance in the ES stand was somewhat "spotty" with smaller patches, whereas it was staggered with larger patches in the LS stand (Fig. 3) .
The distribution characteristics of AOA abundance in the two stands may be partly attributed to the different environmental conditions defining distinct habitats for soil microbial communities, as environmental factors differ significantly between the ES and the LS stand ( Table 1, Table 2 ). In the ES stand, the AOA distribution was mainly influenced by SOM, TP, TN, AN and veg-PC1, with positive correlations between these factors and AOA abundance being observed ( Supplementary Fig. S2 ) and similar distribution patterns of these factors and AOA abundance being detected (Fig. 2, Fig. 3) . Particularly, the quality and quantity of SOM can directly influence its decomposition rate and subsequently the availability of nutrients for AOA communities 31, 32 . Our results showed that the availability of TP, TN and AN was lower in the early stage of forest succession (Table 1) , which might have resulted in the lower AOA abundance in the ES stand. Additionally, soil microbial communities such as AOA may compete with plants for N and P 8, 11 , leading to a more important role of these two nutrients in shaping the AOA abundance distribution in the ES stand. In contrast to the ES stand, the only important environmental factor affecting the AOA abundance distribution was BD in the LS stand, which had a negative relationship with the AOA abundance (p = 0.089, Supplementary Fig. S2 ). Lower BD in the LS stand means larger soil porosity and more space for storing soil water and oxygen, which are important factors affecting AOA that requires oxygen to oxidize ammonia and water to maintain their activities 33 . The results of variation partitioning analyses revealed that the relative importance of the spatial and environmental factors in influencing AOA abundance distribution was different between the two stands. The pure effects of environmental factors (i.e., TP, TN, altitude and veg-PC1) could explain 9.3% of the total variations in AOA abundance distribution in the ES stand, whereas no pure effects of spatial factors were detected in this stand. The less soil nutrient availability might have enhanced the sensitivity of the response of AOA community to the changes in these factors within the ES stand. Thus, the environmental patches corresponding to the heterogeneity of these environmental factors can serve as natural filters filtering out the AOA individuals that are not favored by the specific environmental conditions. In this case, the power of dispersal limitation in shaping the AOA community distribution is much weaker compared with that of environmental filtering. On the contrary, the pure effects of spatial factors could explain as much as 62% of the variation in the AOA distribution, and no pure effects of the environmental factors were observed in the LS stand. The higher content of soil nutrients might have provided sufficient substrates and nutrients for the growth of AOA communities in the LS stand; spatial factors such as distance therefore become the main barrier for AOA dispersal from one site to another in this stand 18 . Although BD showed a similar spatial pattern with the AOA abundance in the LS stand, only 9.3% of the variation of AOA abundance distribution could be explained by the spatial arrangement of BD (Fig. 4) . The unexplained 29.7% of the variation in AOA distribution in the LS stand may be caused by the spatial arrangement or the pure effects of other environmental variables that we did not measure in this study 34, 35 . In addition, recent researches have revealed that the differentiation of the relative importance between the environmental and spatial components within a variation partitioning analysis may not be as straightforward as previously thought 36 . The pure effects of spatial factors may be overestimated due to the lack of important spatially structured environmental predictors 36 , which might be the case as what we found in the LS stand. However, the semivariograms and kriging maps in this study showed strongly spatial dependence of AOA abundance in the LS stand, and the spatial pattern of AOA abundance could not be related to most of the environmental variables measured in this study. This may further support our conclusion that the central mechanism determining the distribution of AOA abundance in the LS stand is most likely to be the dispersion restriction caused by spatial variables.
Conclusions
This study found that the abundance and the spatial distribution pattern of AOA communities differed between the early and late successional EBLF stands. The AOA communities were more abundant and less spatially structured in the late than in the early successional stand. Most of the spatial variations in AOA abundance could be explained by the variations of environmental conditions such as TN, TP, canopy tree composition and their intersections in the early successional stand, but by spatial variables in the late successional stand. These results suggest that environmental filtering likely influences the spatial distribution of AOA abundance in the early successional forest more than that in the late successional forest, whereas spatial dispersal may limit the distributions of AOA communities in the late successional subtropical forest. Our study sheds light on how to use spatial analyses to detect the responses of soil microbes to environmental changes and to evaluate the shifts in belowground microbial communities in conjunction with the trajectory of the aboveground forest recovery.
Methods
Site description and sampling. The study site is located in the Dinghushan Biosphere Reserve (DBR; 112°30′-112°33′ E, 23°09′-23°11′ N), Guangdong province, southeastern China. The reserve is characterized by a subtropical monsoon climate, with a mean annual temperature of 20.9 °C and annual precipitation of 1929 mm 37 . The soil is classified as lateritic red earth (or Oxisols based on the USDA soil taxonomy). The dominant vegetation type in the DBR is the subtropical evergreen broad-leaved forest (EBLF), which mainly consists of two stand types (Fig. 1) : the primary EBLF stand with an age of about 400 years, and the secondary EBLF stand with an age of about 60 years.
In each stand, 31 quadrats (20 × 20 m 2 ) were established for vegetation inventory and soil sampling. Three surface (0-10 cm) soil cores were collected using a soil auger (6.35 cm in diameter) around the center of each quadrat to form a composite sample (ca. 1.5 kg per sample). After being cleared of litter, animals and stones, these samples were sieved through a 2-mm mesh and divided into two parts. One part was used for soil chemical analysis; the other part was saved at −20 °C for DNA extraction and molecular analysis.
Measurements of edaphic, vegetational and topographic properties. Soil pH testing was per-
formed at a soil to water ratio of 1: 2.5 using a pH meter (Denver Instrument UB-7 pH/ev Meter, USA). Soil bulk density (BD) was determined by drying an intact soil column at 105 °C for 24 hours in a cylindrical stainless-steel container with known volume and weight. Soil organic matter (SOM), total nitrogen (TN), total phosphorus (TP) and total potassium (TK) were determined using the K 2 Cr 2 O 7 oxidation, the semi-micro Kjeldahl, ascorbic acid colorimetric and atomic absorption methods, respectively, as described previously 38 . Available nitrogen (AN) was measured using the alkaline hydrolysis distillation method. Available phosphorus (AP) was extracted by NaHCO 3 and measurement was performed on the filtrate by the molybdate-blue method. Available potassium (AK) was extracted with ammonium acetate and was measured by an atomic absorption spectrometer using ascorbic acid as a reductant.
The vegetation inventory was conducted by recording species name, diameter at breast height (DBH), height and coordinates of all free-standing trees. Vegetational attributes such as species diversity, species richness and tree density were presented by Shannon-Wiener index, species numbers and individual numbers in each quadrat, respectively ( Table 2 ). The canopy tree species composition were presented by the sample scores along the first two principal component axes (i.e., veg-PC1 and veg-PC2) from a principal component analysis (PCA) on the tree community composition (tree height ≥ 10 m) (Supplementary Table S2, Table S3 ).
Four topographic properties were involved in our analysis, namely altitude, slope, convexity and aspect. The mean values of the four properties were calculated in each sampling plot by using the method described previously 39 . Aspect (degree from north) and convexity was calculated by using the method described as previous research 40 and presented by dummy variables.
DNA extraction and purification. Soil total DNA was extracted and purified using the method described previously 41 . In brief, 0.5 g of each soil sample was first washed with a buffer solution (135 mM NaCl, 2.7 mM KCl, 1.5 mM NaH 2 PO 4 , 8 mM Na 2 HPO 4 , 20 mM EDTA, pH = 7.4), and proteinase K (prK) was then applied to induce microbial cell lysis and the raw DNA then extracted. The raw DNA was purified by applying the following steps: i) incubated with potassium acetate (KAc) on ice and centrifuged at 4 °C, ii) precipitated overnight with polyethylene glycol 6000 (PEG) plus NaCl at 4 °C, and iii) washed three times with a mixed solution of phenol, chloroform and isoamyl alcohol (25:24:1, vol/vol/vol).
AOA abundance quantification. Real-time PCR was conducted to determine AOA abundance on an ABI 7500 thermocycler system with the primer pair CrenamoA616r/CrenamoA23f 42 . Each reaction was performed in a 20 μ l volume including 12.5 μ l SYBR Premix Ex Taq (TaKaRa Biotechnology, Japan), 1 μ l of each primer (10 mmol/L), and 2 μ l of DNA template (1-10 ng). During the amplification, a three-step method was used with the following conditions: 95 °C for 30 s, 40 cycles of 5 s at 95 °C, 34 s at 53 °C, and 1 min at 72 °C. A standard curve was generated from a tenfold serial dilution (10 3 -10 8 copies per μ l) plasmids extracted from clones containing the archaeal amoA gene fragment. The number of gene copies was directly calculated from the concentration of extracted plasmid DNA, which was represented as AOA community abundance. The PCR efficiency and correlation coefficients (R 2 ) for standard curves were 90.12% and 0.999, respectively.
General statistical analysis.
To compare the AOA abundance, soil physicochemical parameters, topographical features and vegetation characteristics between the two stands, an independent samples t-test was used if the assumptions of normality and homoscedasticity were satisfied. If these assumptions were not satisfied, a Non-parametric Mann-Whitney U test was employed. Significant level was set at p < 0.05. All these statistical tests were performed in R v. 3.1.0.
Spatial analysis.
To assess the degree of spatial dependence of the AOA abundance and its related environmental variables, empirical semivariograms were calculated using the following function:
where γ (h) is the value of the semivariance for a lag distance h, N (h) is the number of data pairs divided by h, Z (x i ) and Z (x i + h ) represent the actual observed values of the variable x at the sites denoted by i and i + h, respectively. Since the spatial dependence decomposes at distances greater than half of the maximum distance between two samples 43 , we limited the calculation of the semivariograms for all of the variables to 250 m, and the omnidirectional semivariograms were calculated to generate sufficient observations within each lag distance class. Before calculating the semivariance, polynomial trend-surface regressions on each variable were performed using the method described as previous 44 . Residuals from the trend-surface regressions were used to generate the semivariograms and the confident envelops in the following spatial analyses.
To assess the significance of semivariance values in each lag class, a randomization procedure was used as described in previous research 45 . In each of the 10,000 randomizations, sample values were randomly selected and a semivariogram was calculated based on the selected data. A 95% confidence envelop was then obtained by calculating the 2.5 and 97.5 percentiles of the randomly generated semivariance values in each lag class. If the empirical semivariance lies within the 95% confidence envelope then it indicates that the tested variable is randomly distributed. However, if the semivariance lies below the lower edge or above the upper edge of the envelope, it suggests a significant positive or negative autocorrelation, respectively 46 . All semivariogram analyses were performed using the "geoR" package 47 in R v. 3.1.0. We also fitted the theoretical models (i.e., spherical, exponential, Gaussian and linear) to all the empirical semivariograms, and estimated the parameters (nugget, sill and range) by using the R package "gstat" 43 . The ordinary kriging process was performed using the Geostatistical Analyst Module extension in ArcGIS 10.2 (ESRI Inc., Redlands, CA, USA) using the semivariogram parameters obtained from the theoretical models fitted to the semivariograms. We examined the results of the semivariance and kriging analyses using normal transformed values, but they showed no significant differences with those obtained from the log-transformed values (for AOA abundance) and non-transformed values (for other variables). Therefore, we only present results for the latter.
Variation partitioning. Multivariate variation-partitioning approach was conducted by using the R package "varpart" to quantify the relative contributions of edaphic, topographic, vegetation, and spatial attributes, and their potential intersections, to the spatial variation of AOA abundance. Spatial variables were obtained using the Moran's eigenvector mapping (MEM) method 34 with the "spacemakR" and "vegan" R packages 48 . MEM analysis revealed 10 and 11 spatial variables for the ES and LS stand, respectively (data not shown). The first through the third order terms for the topographical features (slope and altitude) were used to contrast the topographical matrix, and the first order term for the soil physicochemical and vegetation features to construct the edaphic and vegetational matrix. Before the variation partitioning analysis, the most significant influencial variables to AOA abundance in each group were chosen by permutational forward model selection by using the method developed previously 49 with the R package "packfor". In detail, a global test on each variable group was firstly performed, and then, the forward selection were carried out on the significant variable group with two stopping criteria: i) the alpha significance level and ii) the adjusted R 2 of the reduced models did not exceed the adjusted R square of the global models. The variables that are strongly correlated were excluded during each forward selection model to avoid high multicollinearity. Statistical significances were assessed by 1000 permutation of the reduced models.
